Real time energy management of electrically turbocharged engines based on model learning by Dezong Zhao (1254237) et al.
2019-01-1056
Real time energy management of electrically turbocharged engines
based on model learning
Abstract
Engine downsizing is a promising trend to decarbonise
vehicles but it also poses a challenge on vehicle drive-
ability. Electric turbochargers can solve the dilemma be-
tween engine downsizing and vehicle driveability. Using
the electric turbocharger, the transient response at low en-
gine speeds can be recovered by air boosting assistance.
Meanwhile, the introduction of electric machine makes the
engine control more complicated. One emerging issue is to
harness the augmented engine air system in a systematical
way. Therefore, the boosting requirement can be achieved
fast without violating exhaust emission standards. Another
raised issue is to design an real time energy management
strategy. This is of critical to minimise the required battery
capacity. Moreover, using the on-board battery in a high
efficient way is essential to avoid over-frequent switching
of the electric machine. This requests the electric machine
to work as a generator to recharge the battery. The capa-
bility of generating power strongly depends on the engine
operating point. One big challenge is that the calibration
of generating power capability is time-consuming in ex-
periments. This paper proposes a neuro-fuzzy approach to
model the engine. Based on the virtual engine model, the
capability of generating power at arbitrary engine operating
point can be obtained fast and accurately, which is applica-
ble to implement in real time.
Introduction
Engine downsizing provides great potential in improving
fuel efficiency by more efficient combustion, decreased en-
gine mass, decreased pumping losses and decreased fric-
tion losses [1–3]. The defect of engine downsizing is the
performance decrement at low engine speeds. This is be-
cause using conventional turbochargers, the enthalpy in a
smaller engine swept volume cannot provide enough ex-
haust gas [4]. Therefore, the turbocharger for boosting can-
not be effectively used, as shown in Fig. 1. This problem
can be significantly mitigated by mounting an high speed
electric machine (EM) on the turbine shaft, between the
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Figure 1: Benefit and limit of downsized engines
turbine and the compressor. The EM improves the transient
response when it runs as a motor, and enables surplus ex-
haust gas energy recovery when it runs as a generator. The
success of electric turbochargers is underpinned by manu-
facturing and control. Foremost, a reliable ultrahigh speed
EM with small inertia is required to run within the compact
turbocharger housing. With the advances in power elec-
tronics, the EM technology is mature enough to enable the
operation at higher than 100 krpm. The increase on inertia
is also well addressed. In [5], an electric turbocharger with
less than 10% increase on turbine shaft inertia is reported.
The control is still challenging [6–8]. A multivariable con-
troller is to be designed to regulate key variables in a cen-
tralised manner. Moreover, a high efficient real time energy
management is essential. That is because three main targets
are twisted including improving fuel efficiency, reducing
exhaust emissions and enhancing transient response. The
energy management strategy should work with the mul-
tivariable controller to distribute energy flows in an opti-
mal way. In transients, the EM is required to work at the
maximum motoring power to improve response. In steady
states, the engine is regulated by a multivariable controller,
to realise battery state-of-charge (SOC) recovery and air
system control. In this case, the EM needs to run at a gen-
erator to recharge the battery. However, the allowed gen-
erating power varies at different engine operating points.
This limit should not be violated or the engine will stall.
It is time consuming and expensive to compute the limits
in offline experimental calibrations. That is because there
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Figure 2: Electrified turbocharged diesel engine
are too many calibration points required to cover the en-
gine operating range. Fortunately, the development of ma-
chine learning offers a great opportunity to obtain the en-
gine model fast and accurately, which makes online cali-
bration possible. Previous studies have shown that the ex-
haust pressure is a key variable in impacting the EM power.
Therefore, the energy management problem is formulated
as finding the best exhaust pressure setpoint to generate the
required EM generating power [9].
A hierarchical energy management strategy is proposed in
this paper, including the lower level control and the super-
visory level control. On the supervisory level, the hierar-
chical local model tree (HILOMOT) method is employed
to build a virtual engine model with high fidelity [10].
This provides the clear relationship between the exhaust
pressure and the allowable generating power. The mod-
els in non-covered engine operating areas can be learned
in a neuro-fuzzy way from the models built on calibra-
tion points. Considering the capability in dealing internal
couplings and external constraints, a multivariable model
predictive controller (MPC) is designed as the lower level
controller [11]. The lower level controller will track the
setpoints generated by the supervisory level control to im-
plement the complete energy management and engine con-
trol.
System Description
The diagram of an electric turbocharged diesel engine
(ETDE) is illustrated in Fig. 2, while the critical vari-
ables and parameters are listed in Table 1. The electric
turbocharger is a single stage turbocharger consisting of a
variable geometry turbine (VGT), an EM and a compres-
sor, which are mounted on the same turbine shaft. Except
the gas across the exhaust gas recirculation (EGR) valve,
all the other exhaust gas passes through the ETA turbine.
Table 1: Nomenclature
Variable Description
N Engine speed
TL Engine load
Wf Engine fuelling rate
Wc Fresh air flow rate
Wegr EGR mass flow rate
We Engine total mass flow rate
Wt Turbine gas mass flow rate
Pc Compressor power
Pt Turbine power
Pem EM power
pin Boost pressure
pexh Exhaust manifold pressure
pam Ambient pressure
ω Turbine speed
χegr EGR valve position
χvgt VGT vane position
Time
Battery 
SOC
: transient period 1, battery discharging
t1 t2 t3 t4 t5
t1 ~ t2
: steady state, battery chargingt2 ~ t3
: steady state, electric machine shut offt3 ~ t4
: transient period 2, battery dischargingt4 ~ t5
: steady state, battery chargingt5 ~
desired SOC
SOC
Operating point 1:
Operating point 2:
t6
t6
Figure 3: Battery SOC recovery
The expansion of the exhaust gas across the VGT rotates
the compressor, and thereafter the fresh air is pumped into
the intake manifold. This layout improves the engine tran-
sient response by using the EM as a motor, and enables the
exhaust gas energy recovery at high engine loads by us-
ing the EM as a generator. This work is based on a latest
electric turbocharger, called Electric Turbocharger Assist
(ETA). Development of the ETA device is undertaken by a
consortium consisting of Carterpillar Inc., Imperial College
London, BorgWarner Turbo Systems, and Louhborough
University. The ETA is designed based on a BorgWarner
BV63 traditional turbocharger for heavy-duty diesel en-
gine downsizing. A switched reluctance motor (SRM) is
selected as the EM because of its simple structure and the
resulting low cost. The SRM has a rated power of 5 kW.
The EM provides an additional degree of freedom in engine
air system regulation but also makes control more compli-
cated. The main target of controlling the diesel engine air
system is to regulate NOx and PM. From a control point
of view, the target can be achieved by matching desired
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Figure 4: Full control structure
pin and Wc. However, in the ETDE, generating specified
electrical power from the turbine rotation is an additional
target. Therefore, one more independent output has to be
identified. It has been proven that the exhaust pressure is
the best additional output [9]. This is because the exhaust
pressure directly impacts the EM power and more impor-
tantly, it is controllable.
It is expected that the energy management strategy can
generate the optimal setpoint of exhaust pressure in steady
states. Therefore, under the command signals of the mul-
tivariable controller, the EM can work at the maximum al-
lowable generating power to recover the battery SOC. The
desired variation on battery SOC is illustrated in Fig. 3.
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In the transient period [t1, t2], the EM works as a motor to
support boosting. In the steady state period [t2, t3], pin, pexh
and Wegr are controlled by χvgt, Pem and χegr. In the steady
state period [t3, t4], the desired battery SOC is achieved and
then EM is shut off. In this period, two variables, pin and
Wegr are controlled by χvgt and χegr. Correspondingly, the
full control structure including energy management mod-
ule and lower level controllers are illustrated in Fig. 4.
Lower Level Controller Design
An Explicit MPC (EMPC) is designed to behave as the
lower level controller because it computes the control laws
offline. It grants the EMPC an advantage of low online
computational burden while maintaining the identical per-
formance as the MPC. The EMPC controller is synthesized
offline based on the calibration data generated at selected
engine operating points. For example, the hydraulic ex-
cavation transient cycle (HETC) is a typical cycle for off-
highway heavy-duty engines, as shown in Fig. 5(a). The
calibration points locate in the engine main operating re-
gion, as shown in Fig. 5(b). The developed controller
should have robustness against the variations of engine op-
erating point in a neighbourhood, as indicated in Fig. 5(b)
using different colours.
Engine model at one operating point can be linearised as{
x(k+1) = Ax(k)+Bu(k)+Bdd(k)
y(k) =Cx(k)+Ddd(k)
(1)
where x∈Rn, u∈Rm, and y∈Rp are the state vector, input
vector, and output vector, respectively; d is the disturbance;
A, B, and C are coefficient matrices to be identified.
The control problem is defined as the following optimisa-
tion problem:
U?(k) = argmin
Hp
∑
i=0
‖y(k+ i)− y?(k)‖Q2 +‖∆u(k+ i)‖R2
s.t. x(k+1) = Ax(k)+Bu(k)+Bdd(k)
u(k) = u(k−1)+∆u(k)
y(k) =Cx(k)+Ddd(k)
umin ≤ u≤ umax
ymin ≤ y≤ ymax (2)
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Figure 6: HILOMOT modelling structure at a local engine
operating point
where
U(k),
[
∆uT(k), . . . ,∆uT(k+Hc−1)
]T
∆u(k+ i) = ∆u(k+Hc−1), i= Hc, . . . ,Hp
Q= QT > 0
R= RT > 0
‖x‖Q2 = xTQx. (3)
The constraints on u are the amplitude boundaries of the
control signals, and the constraints on y represent the physi-
cal ranges of the outputs. Hp and Hc are the prediction hori-
zon and control horizon respectively and Hp ≥ Hc is held.
The controller synthesis is completed using the Model Pre-
dictive Control Toolbox in MATLAB.
Energy Management Strategy Design
Energy management is to distribute the energy flows in an
optimal way. It is achieved by online generating and track-
ing the optimal setpoints of pin, pexh and Wegr, denoted as
p?in, p
?
exh and W
?
egr. According to the vehicle exhaust emis-
sion standards relating to NOx and particulate matter (PM),
p?in and W
?
egr are generated from offline characterisation.
The value of p?exh would be updated online to attract the bat-
tery SOC back to SOC?, where SOC? is the desired value
of battery SOC. In this research, SOC? = 1 is expected.
This is to downsize the required capacity of battery.
The core idea of online energy management is to generate
the p?exh to activate the EM working as a generator. This is
achieved by precise mapping between Pem and pexh. The
HILOMOT method has been proven effective in modelling
multivariable systems so is selected [12]. Importing the
perturbation signals into the algorithm, the explicit rela-
tionships between inputs and outputs can be generated from
a neuro-fuzzy way. The HILOMOT modelling structure is
illustrated in Fig. 6, while each neuron behaves as a local
linear model (LMN). In this work, the LMNs are expressed
as polynomial functions. As an example, based on the cal-
ibration data at (1800 rpm, 800 Nm), the outputs can be
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Figure 7: HILOMOT modelling results at 1800 rpm, 800
Nm. (a) pin. (b) pexh. (c) Wegr.
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Figure 8: Engine global modelling using HILOMOT
re-constructed using the HILOMOT algorithm with high
accuracy, as shown in Fig. 7. The reverse map can be de-
ducted from the explicit functions. Importing the specified
values of pin, pexh and Wegr, the exact values of χvgt, Pem
and χegr can be obtained directly.
The neuro-fuzzy modelling method at an engine operating
point can also be generalised into engine lobal modelling.
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Figure 9: Tracking performance of the 2I2O EMPC controller at different operating points. (a) pin tracking. (b) χvgt. (c) Wegr
tracking. (d) χegr.
In this work, four operating points are selected to gener-
ate calibration data: (1800 rpm, 120 Nm), (1800 rpm, 360
Nm), (1800 rpm, 580 Nm) and (1800 rpm, 800 Nm). The
models of the engine operating points locating on the line
N = 1800 rpm, 50 Nm ≤ TL ≤ 900 Nm are interpolated
from the four neuro-fuzzy models, as shown in Fig. 8.
Simulation Results
Simulations have been carried out on a physical plant
model built in Dynasty, a proprietary multi physics sim-
ulation software package used within Caterpillar. The en-
gine manifolds are modeled as one-dimensional compo-
nents, permitting to capture the pulsations caused by engine
actuators operation. All the cylinders are modeled sepa-
rately to indicate the energy transfer from engine to tur-
bocharger, such that the transient performance is simulated
accurately. The compressor and turbine are represented as
map based models. The EM is also represented as a map-
based model, whose maximum motoring/generating power
are found from a two-dimensional map, with the inputs of
turbine speed and power electronics controller setting. The
investigated engine is a six-cylinder, 7.01-Liter heavy duty
engine with rated power of 225 kW at 2200 rpm and a rated
torque of 1280 Nm at 1400 rpm. The engine has been fit-
ted with an experimental turbo-charger for the purposes of
this work. The maps used in the paper are all generated
from off-line experimental calibration on the instrumented
engine. The battery capacity is selected as 0.015 kWh.
The validation results of the 2I2O EMPC controller are il-
lustrated in Fig. 9, while the tracking results are shown on
the left column, and the control signals are shown on the
right column. The controller is developed based on the en-
gine calibrated data obtained at (1800 rpm, 580 Nm). The
controller was tested at five operating points: (1800 rpm,
470 Nm), (1840 rpm, 520 Nm), (1800 rpm, 580 Nm), (1760
rpm, 640 Nm) and (1800 rpm, 690 Nm) to verify the robust-
ness against variations on engine running conditions. Dif-
ferent combinations of p?in and W
?
egr were set to verify the
effectiveness of the controller to track variable setpoints.
The tracking performance at the first three operating points
are good. With the increased engine load, the response is
slower because the control signals take more time to sta-
bilise. In particular, χegr saturates at (1800 rpm, 690 Nm).
It shows that the controller has robustness in a neighbour-
hood of the calibration point. Beyond the boundary of the
neighbourhood, another controller has to be built.
The validation results of the 3I3O EMPC controller are il-
lustrated in Fig. 10. p?in and W
?
egr have the same settings
as in Fig. 9. p?exh is set as a sequence of rational constant
values according to the calibration data. It is worthy to in-
dicate that the tracking performance is faster than in Fig.
9, in particular when the setpoints have step-up changes.
That is because the EM is capable to significantly reduce
the turbo lag.
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Figure 10: Tracking performance of the 3I3O EMPC controller at different operating points. (a) pin tracking. (b) χvgt. (c) pexh
tracking. (d) Pem. (e) Wegr tracking. (f) χegr.
The validation results of the two-level energy management
strategy are illustrated in Fig. 11. The engine speed is fixed
at 1800 rpm, while the engine load are selected as random
signals between 120 Nm and 780 Nm, as shown in Fig.
11(a) and Fig. 11(b), respectively. The initial value of bat-
tery SOC was set as 1. In the first steady state, the engine
was regulated by the 2I2O controller. In the first transient
period, the EM works at the full motoring power of 5 kW.
Therefore, the battery SOC drops and therefore is expected
to be recovered in the second following steady states, as
shown in Fig. 11(c). When the 3I3O controller is running,
the energy management module generates corresponding
p?exh value to drive the EM working as a generator, as in
Fig. 11(d). Meanwhile, χvgt and χegr are tuned simultane-
ously, as in Fig. 11(e) and Fig. 11(f). Through the multi-
variable controllers, pin and Wegr are well regulated, as in
Fig. 11(g) and Fig. 11(h).
Conclusion
A real-time energy management strategy on a state-of-the-
art ETA for heavy-duty road vehicles is proposed in this
paper. To improve the response, the EM within the ETA
should run at the maximum motoring power in load ac-
ceptance. In steady state, a 2I2O and a 3I3O EMPC con-
trollers were analytically designed to track the setpoints of
air path critical variables in a systematic way. When the
engine enters steady states from transients, the 3I3O con-
troller is enabled while the EM works as a generator to re-
cover the battery SOC back. When the desired battery SOC
is achieved, the 2I2O controller will take over. As a result,
the EM is free of long continuous running and the thermal
regulation of the ETA is easier. A HILOMOT modelling
method is adopted to build the energy management strat-
egy and therefore, the setpoint of exhaust pressure is gen-
erated in real time. The energy management module and
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Figure 11: Energy management results. (a) N. (b) TL. (c) Battery SOC. (d) pin. (e) Wegr. (f) χvgt. (g) Pem. (h) χegr.
the lower level controller work in a hierarchical way, and
consequently the energy flows are timely well distributed.
Convincing results are demonstrated in 1-D physical simu-
lations. Future work will focus on experimental validations
of the proposed work.
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